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The trend of vehicle electrification is rapidly growing and is likely to continue in the future. However, electric
vehicles (EVs) with high vehicle performance, energy efficiency, and low cost are required to satisfy industry and
customer needs. Design optimization is an important method that can significantly improve the performance of
batteries and EVs. However, only a few studies integrate accurate full-order electrochemical models of lithiumion batteries into optimization frameworks of the battery module, pack, and EV design owing to complex
modeling with huge computational costs. Multi-scale models with high efficiency and accuracy are required to
provide optimal design, considering the overall system across scales. This study develops an efficient multi-scale
design optimization framework for EVs, including four levels from the battery cell level to the marketing level. In
the engineering domain, three levels of fundamental physics-based models are developed—an electrochemical
cell, thermal module, and EV dynamics—to describe the performance of EVs. In the marketing domain, a utility
model is used to maximize profit while considering customer preferences and costs. In addition, the vehicle
model at the top level of the engineering domain is linked with the marketing model. Thus, all four model levels
are hierarchically connected and can pass information.
The multi-scale design optimization problem is solved by applying an analytical target cascading (ATC)
method specialized for multi-level optimization. Through the ATC framework, optimization problems at each
level can be independently solved while satisfying the targets from upper levels. Results show that each level
successfully communicates with the others and carries out optimization to maximize profit while satisfying
various constraints. ATC reduces the computational cost by 3% compared to the conventional all-in-one (AIO)
approach. Parametric studies provide insights into how these design parameters, constraints, and operating
conditions affect each other. To the best of our knowledge, this study is the first attempt toward developing
multi-scale level modeling of EVs, which covers the marketing (very high business level) down to the cell (very
detailed engineering level) while satisfying multi-level safety constraints.
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1. Introduction
A lithium-ion (Li-ion) battery is an advanced energy storage tech
nology, and it has numerous applications such as in portable electronic
devices, energy systems, and electric vehicles (EVs). In particular, the
global market share of EVs has increased rapidly at an average annual
rate of 50% since 2015 (Dennis, 2021). However, the customer demand
for EVs remains limited due to the higher costs and lower energy density
of the battery. Advances in battery performance and applications are
still necessary, which can be achieved either by fundamental material

improvements or by optimally designing the system applications from
the battery cell level to the marketing level.
The development of and improvements in new materials and tech
nology can improve the performance of batteries and EVs. For a given
technology, a system engineering approach can be used to optimize the
electrode architecture, operational strategies, and battery and vehicle
performance by maximizing efficiency and utilization (Ramadesigan
et al., 2012). The design optimization of each level can neither guar
antee nor propose the optimized design of the overall system. System
engineering aims to develop a detailed multi-scale and multi-physics
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model that can optimize battery and vehicle performance with high
efficiency and accuracy. The list of abbreviations and acronyms used in
this study is shown in Table 1.
However, most previous design and optimization studies (De et al.,
2012; Hosseinzadeh et al., 2017; D.C. Lee et al., 2020; Lin and Lu, 2018;
Liu and Liu, 2017; Xue et al., 2013) mainly focused on single-cell design
variable optimization, which can significantly affect cell performance in
terms of capacity, power, and energy. These studies were focused on
maximizing the cell energy and specific power densities while varying
multiple design parameters, including the active particle radius, elec
trode porosity and thickness, and electrode size. These studies further
improved by incorporating thermal (Hosseinzadeh et al., 2017) or
degradation models (Lin and Lu, 2018; Liu and Liu, 2017) to include the
effect of heat on the battery cell performance or life cycle. Table 2
summarizes the literature review of recent multi-scale design and opti
mization studies.
However, in terms of the battery module and pack level, additional
issues are observed mainly due to cell variations, such as low energy
density, unexpected temperature rise, and capacity decline. These cell
variations may originate from an ineffective cooling strategy, cell ar
rangements, defective cell contacts, and manufacturing tolerances
(Rumpf et al., 2018; Lee et al., 2021). Specifically, variations in energy
capacity and resistance of cells in parallel connections can degrade the
overall performance of the battery system (Hosseinzadeh et al., 2019).
Significant differences in current flow between parallel cells can occur
and affect the temperature distribution within the battery assembly
(Bruen and Marco, 2016). The thermal gradient generated in the battery
pack also aggravates the degradation rate of cells (Liu et al., 2019) and
can potentially lead to thermal runaways. These results imply that
system-level modeling and optimization are also essential in designing
the cell architecture, operation strategies, and lifecycle by optimizing
the balance between energy efficiency and safety issues. However, the
integration of full-order electrochemical models of lithium-ion batteries
into optimization frameworks of the battery module, pack, and EV
design is still in an early phase. The complex physical phenomena,
including lithium intercalation, diffusion, and reaction kinetics of bat
tery systems, pose computational challenges to fast and efficient
large-scale design simulations (Ramadesigan et al., 2012).
Furthermore, EV modeling is also used to determine the performance
of the vehicle, such as the driving range, miles per gallon gasoline
equivalent (MPGe), top speed, and acceleration (Kang et al., 2015).
These EV models are mostly based on vehicle dynamics, which are
developed based on Newtonian’s law of motion: the vehicle movement
can be defined by examining the relationship between the influencing
forces acting on the vehicle and the velocity of the vehicle (Ehsani,
2013). The torque and angular velocity at the wheel can be determined
through the vehicle dynamic model, and thus the relevant motor re
quirements can be derived by designing an electric powertrain (Kang
et al., 2017). The battery pack and module are also design targets that
determine EV performance (U. Lee et al., 2020a). Based on the vehicle

dynamic model, Kang et al. (2015) obtained the driving range, MPGe,
top speed, and acceleration by designing the battery, motor, and final
gear ratio. These EV models were employed with different optimization
methods to maximize the performance or to design various components
of the vehicles.
For design optimization of general engineering systems, the all-inone (AIO) approach that performs optimization at once without
decomposing the system is applicable; however, in the case of complex
engineering systems, the optimal system design can often be derived
efficiently by applying decomposition. For a system that is divided into
elements such as subsystems, parts, and components, analytical target
cascading (ATC) considers the hierarchical functional dependencies
existing between each system element. In these system elements of each
level that divides the system hierarchy, a design optimization problem is
formulated to satisfy the targets given by the upper-level system ele
ments while assigning the targets to the lower-level system elements (Li
et al., 2021). The response of a specific system element is derived using
simulation models or experiments based on the design of the system
element (Zhang et al., 2020). Since the upper-level system element af
fects the lower-level system element in ATC, the top-level system design
targets are propagated to the design specifications of lower-level system
elements (Zhang et al., 2017). Through iteration, the designs of system
elements are adjusted so that the targets and responses of each system
element reach a consensus (Kang et al., 2014). The ATC formulation
based on the augmented Lagrangian penalty function approach can be
found in references (Tosserams et al., 2006; Jung et al., 2018).
In particular, engineering problems related to EVs based on batteries
and motors have frequently used ATC because the EV system is complex
and consists of models with various hierarchies. Chen et al. (2009)
applied ATC to the design optimization of parallel hybrid EVs formu
lated as a two-level problem. The system-level optimization problem
focuses on tractive performance, fuel economy, and dynamics perfor
mance, while the subsystem-level optimization problem concerns the
final drive, transmission, and battery. To minimize EV energy con
sumption, Alexander et al. (2011) applied ATC to optimize its power
train system consisting of a two-level hierarchical model. The top-level
subproblem
optimizes
the
vehicle
system
to
maximize
gasoline-equivalent fuel economy, and the bottom-level subproblem
optimizes the motor subsystem to match the cascaded target. Bayrak
et al. (2016) proposed a partitioning and coordination strategy based on
ATC and optimized the powertrain design of a battery hybrid EV. The
system-level optimization minimizes fuel consumption with respect to
the connection between the powertrain component and the vehicle’s
output shaft, while that of the subsystem level addresses the feasibility of
such a configuration. Behtash and Alexander-Ramos (2020) proposed an
optimization algorithm that combines ATC and co-design-centric
formulation of multidisciplinary dynamic system design for a plug-in
hybrid EV powertrain. Fahdzyana et al. (2021) used ATC to optimize
the size of an electric machine that supplies the required traction power
and geometry of a continuously variable transmission (CVT) connected
to the wheels through a final gear ratio. However, these studies only
used a simple battery model or did not use the battery model that cannot
describe the physical phenomena of the battery, including lithium
intercalation, diffusion, and reaction kinetics of battery systems.
Only recent studies have tried to integrate full-order electrochemical
models of lithium-ion batteries into optimization frameworks of the
battery module, pack, and EV design. Li et al. (2022) recently employed
a multi-objective optimization and orthogonal experiment method to
design side plates in a large format battery module to mitigate thermal
runaway propagation. They successfully optimized the side plate
structure by decreasing the mass by 59.6% and prolonged the propa
gation interval by 46% using a 3D cell and module model. However,
these thermal propagation models only considered the thermophysical
parameters and equations and neglected the electrochemical cell re
actions. Only a few recent studies (Astaneh et al., 2022; Chen et al.,
2022) applied a pseudo-2D electrochemical cell-level model and

Table 1
List of abbreviations and acronyms.
Abbreviation

Definition

Abbreviation

Definition

AEV

Autonomous Electric
Vehicle
All-In-One
Analytical Target
Cascading
Autonomous Vehicle

EV

Electric Vehicle

HB
HPPC

Hierarchical Bayesian
Hybrid Pulse Power
Characterization
Miles Per Gallon
Gasoline Equivalent
Plug-in Hybrid Electric
Vehicle
Reliability-Based Design
Optimization

AIO
ATC
AV
CVT
DMS
ECM

Continuously Variable
Transmission
Design for Market
systems
Equivalent Circuit
Models

MPGe
PHEV
RBDO
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Table 2
Literature review of multi-scale design and optimization of EVs.
References

Battery electrode/
cell level model

De et al. (2012); Xue et al. (2013); Hosseinzadeh et al.
(2017); Liu and Liu (2017); Lin and Lu (2018); D.C. Lee
et al. (2020)
Alexander et al. (2011); Bayrak et al. (2016); Behtash and
Alexander-Ramos (2020); Fahdzyana et al. (2021)

Pseudo-2D battery
model

Chen et al. (2009)

Simple Battery
model

Li et al. (2022)

3D thermal
propagation cell
model
Pseudo-2D battery
model
Pseudo-2D battery
model
Pseudo-2D battery
model

Chen et al. (2022)
Astaneh et al. (2022)
Campbell et al. (2019)
Kang et al. (2015), 2016, 2017

Simple battery
design model

Lee et al. (2019); U. Lee et al. (2020a)

Simple Battery
degradation model

This work

Pseudo-2D battery
model

Battery module/pack
level model

EV model

Marketing model

Optimization
method
All in one

3D thermal
propagation module
model
3D thermal module
model
Electrical Pack model

2D thermal module
model

Analytical target
cascading

Vehicle
dynamics
model
Vehicle
dynamics
model

Analytical target
cascading
All in one
All in one
All in one

Vehicle
dynamics
model
Vehicle
dynamics
model
Vehicle
dynamics
model
Vehicle
dynamics
model

All in one
Utility model &
Hierarchical Bayesian
approach
Utility model &
Hierarchical Bayesian
approach
Utility model &
Hierarchical Bayesian
approach

All in one
All in one
Analytical target
cascading

DMS has been successfully applied to various research fields that
consider customer decisions. Michalek et al. (2005) proposed a meth
odology that determines the optimal vehicle design, considering the
engineering, regulation, and demand, to maximize profit from the pro
ducer perspective. Shiau and Michalek (2009) developed a product
design approach for profit maximization in which competitors respond
to new products based on the Nash and Stackelberg price competition.
Kang et al. (2017) developed a DMS framework that integrates mar
keting, engineering, and operation for autonomous electric vehicle
(AEV) sharing system design and compared its optimization results with
those of an autonomous vehicle (AV) using a gasoline engine. Lee et al.
(2019) proposed a reliability-based design optimization (RBDO) method
for market systems that integrates RBDO optimization and DMS to
determine the optimal target reliability. The proposed framework con
siders both the customer evaluation and product performance, as
determined through reliability, on customer decisions. This work also
adopts DMS to integrate the demand and cost to maximize profit or
social welfare from the company or production perspectives.
This study mainly focuses on developing the design optimization
framework of EVs by applying ATC (Kim et al., 2003; Tosserams et al.,
2006) to maximize both profit and performance of the battery system
while considering multiple safety and design constraints. The
multi-scale optimization strategy covers levels from the battery cell,
module, pack, and EVs to marketing to maximize the profit of EVs while
considering performance. To reduce the computational cost, we applied
effective methods that can rapidly and efficiently predict the cell per
formance and temperature distribution of the pack/module of EVs
without sacrificing the accuracy of the physics-based model. Neural
network models are developed for both the electrochemical cell and
thermal module to reduce the computational costs of multi-level opti
mization. In addition, ATC can further reduce the computational cost to
optimize the multi-scale design parameters. The following is a summary
of the main contributions of this study.

module/pack-level model to design the module and pack, considering
lithium intercalation, diffusion, and reaction kinetics of the battery cell.
Campbell et al. (2019) also reported a multi-scale design methodology,
from the vehicle drivetrain down to cell electrodes, to rapidly evaluate
hundreds of layer choices for cell designs against the power re
quirements of an EV or plug-in hybrid electric vehicle (PHEV). Never
theless, a physics-based electrochemical cell model implementation of
the module, pack, and vehicle level is needed to consider the interca
lation reaction, diffusion, and reaction kinetics of the battery to gain
insights and improve the accuracy over low-order or equivalent circuit
models (ECMs). However, the cost of developing such a model remains
very expensive. Undoubtedly, the development of an optimization
framework poses additional challenges to complex multi-scale and
multi-physics modeling, including enormous computational costs.
In this study, the design for market systems (DMS) research is also
used to develop a design optimization framework integrating engi
neering performance, demand, and cost to maximize profit or social
welfare from the company or production perspectives (Frischknecht
et al., 2010). Once the product performance and attributes are linked
based on engineering models, profit can be obtained through a mar
keting model that determines demand based on customer decisions. A
discrete choice analysis is a statistical technique that explores customer
decision-making and measures the trade-offs for product attributes
based on the choice data observed from respondents (U. Lee et al.,
2020b). In discrete choice analysis, the utility model is used under the
assumption that customers prefer a product with a large utility, which is
the sum of the partworths they assign to product attributes (Lewis et al.,
2006). Estimating partworths requires the choice data collected through
a survey performed by potential customers. A discrete choice experi
ment presenting a series of options that consist of products with various
combinations of attribute levels is used to construct the survey (Mang
ham et al., 2009). Respondents are then asked to identify their preferred
product among the options or select “none” if no option is preferred
(Kang et al., 2016). Then, the individual partworths can be estimated
using a hierarchical Bayesian (HB) approach and defining the choice
probability, which is that of a respondent choosing a product among
others based on partworths and product attributes (Train, 2001).

1. To the best of our knowledge, this study is the first attempt to
develop four levels of multi-scale modeling of the EV that covers the
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cell (very low engineering level) to the marketing levels (very high
business level).
2. Since the multi-scale modeling optimization framework consists of a
four-level engineering and marketing model, enormous computa
tional costs are needed compared to previous works. This study
applied numerous methods, including ATC and neural network,
which can effectively reduce computational costs. To date, this is the
first attempt to develop a physics-based neural network model and
apply it to the ATC optimization framework.
3. Physics-based models, including the pseudo-2D electrochemical cell
model and 2D thermal module model, were employed to improve the
accuracy over low-order or simple ECMs. Although a few recent
studies (Astaneh et al., 2022; Chen et al., 2022) applied a pseudo-2d
electrochemical cell-level model and module/pack-level model to
design the module and pack, considering lithium intercalation,
diffusion, and battery cell reaction kinetics, this work extends the
study to the vehicle and marketing level while maintaining the ad
vantages of physics-based models.
4. This work considers not only the design, performance, and profit
optimization of EVs but also the safety constraints of the battery
system. In particular, the 2D thermal model was developed to predict
the maximum temperature and temperature deviations of the battery
module to satisfy the safety requirements of the battery system. This
work develops a comprehensive optimization framework and anal
ysis with a hierarchical four-level engineering and marketing model,
which involves the multi-scale design, performance, profit, and
safety requirements of EVs.
The remainder of this paper is structured as follows. Section 2 in
troduces models for each level, namely the battery cell, battery pack/
module, vehicle, and marketing. Section 3 proposes the multi-scale
design optimization framework for EVs. Section 4 provides the optimi
zation and parametric results, and Section 5 presents the summary.

Fig. 1. Schematic of the physics-based pseudo-2D cell model, including a
negative graphite electrode, LiNiMnCoO2 positive electrode, separator, and 2M
of LiPF6 in 3:7 ethylene carbonate (EC); ethyl methyl carbonate (EMC) is used
for the liquid electrolyte.
0
is the lithium-ion transference number,
ture, F is Faraday’s constant, t+
f± is the electrolyte activity coefficient, and ce is the lithium concen
tration in the electrolyte.
Charge conservation of Li+ in the solid phase is expressed as (Doyle
et al., 1996)
(
)
∂ eff ∂φs
(2)
κs
− as iLi+ = 0 ,
∂x
∂x

2. Multi-scale models for EV design
2.1. Battery cell level
2.1.1. Governing equations for an electrochemical cell-level model
To optimize the profit and performance of the EV, we begin the
multi-scale optimization and design at the cell level. Fig. 1 shows the
developed physics-based electrochemical cell model, which consists of
the negative electrode (Lneg ), separator (Lsep ), and positive electrode
(Lpos ). The model includes a full lithium-ion cell comprising porous
materials for both the positive and negative electrodes with a liquid
electrolyte.
The electrochemical cell model consists of four governing equations
that are solved simultaneously based on the Newman model (Doyle
et al., 1996).

eff

where κs is the effective solid-phase conductivity, φs is the solid-phase
potential, as is the surface area of the electrode, and iLi+ is the current
density of lithium intercalation and deintercalation at the anode.
Eqs. (6) and (7) apply in the porous electrode region (0 < x < Lneg ,
Lneg + Lsep < x < Lneg + Lsep + Lpos ) while Eq. (1) only applies in the
separator region (Lneg < x < Lneg + Lsep ).
Lithium intercalation and deintercalation reactions are governed by
the Butler–Volmer equation (Doyle et al., 1996), defined as
[ (
)
(
)]
αa,Li F
α F
iLi+ = i0,Li+ exp
,
(3)
ηLi+ − exp − c,Li ηLi+
RT
RT

(a) Charge conservation equation for Li-ions in the electrolyte – Eq.
(1)
(b) Charge conservation equation for Li-ions in the solid phase – Eq.
(2)
(c) Mass transport equation for Li-ions in the electrolyte – Eqs. (8) &
(9)
(d) Mass transport equation for Li-ions in the solid phase – Eq. (11)

where, for lithium intercalation/deintercalation, αa,Li and αc,Li are the
anodic and cathodic transfer coefficients of the reaction, respectively,
ηLi+ is the overpotential, and i0,Li+ is the exchange current that depends
on the lithium concentration, defined as
(
)0.5 0.5
i0,Li+ = kLi+ c0.5
ce .
(4)
s,surf cs,max − cs,surf

The equation for charge conservation of lithium in the electrolyte is
expressed as (Doyle et al., 1996)
(
)
( (
))
)
∂ eff ∂φe 2RT (
d ln f± ∂ln ce
1 − t+0 1 +
(1)
κe
−
+ as iLi+ = 0 ,
∂x
F
∂x
d ln ce
∂x

Here, kLi+ is the reaction rate constant of lithium, cs,max is the
maximum concentration of lithium-ion in the active material, and cs,surf
is the concentration of lithium ions on the surface of active materials.
The boundary conditions for the electrolyte phase can be expressed
as

eff

where κe is the effective electrolyte phase conductivity, φe is the
solution-phase potential, R is the universal gas constant, T is tempera
4
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⃒
⃒
⃒
∂φe ⃒⃒
eff ∂φe ⃒
− κeff
=
−
κ
=0.
e
e
∂x ⃒x=0
∂x ⃒x=L

Table 3
Local design variables for battery cell level.

(5)

The boundary conditions for the solid phase are considered as fol
lows. The current density is carried by the solid phase at the right end of
the positive electrode, which leads to
⃒
∂φs ⃒⃒
− κeff
= Iapp ,
(6)
s
∂x ⃒x=Lsep +Lneg

Local design
variables

where Iapp is applied current density. The end of the negative electrode is
in contact with the ground, and thus
The material balance equations for Li-ions are defined as (Doyle
et al., 1996)
(
)
1 − t+0
∂c
∂
∂ce
εe e =
(8)
Deff
+
as iLi+ ,
Li+
∂t ∂x
∂x
F
eff

where εe is the volume fraction of the electrolyte, and DLi+ is the effective
diffusivity of Li+. Given that no interfacial current is generated in the
separator region (Lneg < x < Lneg + Lsep ), the transport equations for Liion species change to
(
)
∂c
∂
∂ce
εe e =
Deff
.
(9)
Li+
∂t ∂x
∂x
The boundary conditions for the mass transport equations are the
flux of lithium species, which are zero at both ends of the electrodes (x =
0 and x = L), expressed as
⃒
⃒
∂ce ⃒⃒
∂ce ⃒
= ⃒⃒ = 0 .
(10)
⃒
∂x x=0 ∂x x=L
by

In the solid particles of the electrodes, material transport is described
(

)

∂cs Ds ∂ 2 ∂cs
=
r
,
∂t r2 ∂r
∂r

(11)

where cs is the concentration, Ds is the diffusivity of lithium ions in the
solid phase, and r is the radial coordinate of the graphite electrode.
The boundary conditions for the solid-phase diffusion can be
expressed by
⃒
∂cs ⃒
− Ds ⃒⃒ = 0 ,
(12)
∂r r=0
⃒
∂cs ⃒
iLi+
− Ds ⃒⃒
=
.
∂r r=r1 F

Upper
bound

Anode volume fraction

0.1

0.6

Cathode volume fraction
Anode thickness
Cell length
Number of layers in a cell

0.1
5.0e‒5 m
0.2 m
1

0.6
2.5e‒4 m
0.5 m
50

local design variables for battery cell levels. For the cell, its capacity,
energy, power, resistance, thickness, and mass are determined by local
design variables, including anode and cathode volume fractions, anode
thickness, cell length, and the number of layers.
Major design variables for the cell model are carefully selected,
which can easily change the values during the initial design. Those local
design parameters are the volume fraction of both electrodes, thickness
of the negative electrode, cell length, and number of electrode layers.
The battery pack is assumed to be located in the underbody of the EV,
and the heat sink is placed on the bottom of the battery pack. The pack
size is assumed to be 1800 × 1500 × 120 (L × W × H), and the pouch cell
is used in this study. The cell is stacked vertically in the battery module
and pack due to the cooling efficiency. Given that the thermal conduc
tivity of the in-plane direction (28.9 W/m K) is much higher compared
with the cross-plane direction (0.35 W/m K) (Bazinski et al., 2016), the
cell must be vertically stacked to increase the cooling efficiency. Cell
width is fixed at 100 mm due to the fixed pack height, which is located
on the underfloor of the EV. Cell length is the major design variable, and
cell thickness is defined by other factors, including the number of
electrode layers and the thickness of negative electrodes.
Volume fractions and electrode thickness are the important design
variables, which define the overall electrochemical performance of the
cell. High volume fraction and thick electrodes generally increase the
overall cell capacity, energy, and resistance. In addition, the above two
factors reduce the utilization of the electrode capacity due to the con
stant lithium diffusion coefficient, which requires optimization to
maximize the cell battery performance.
The thickness of the positive electrode is calculated based on the
length of the negative electrode and the maximum concentration of
lithium that can be stored for both electrodes, which is defined as

(7)

φs |x=0 = 0 .

Lower
bound

Lpos = Lneg ×

cs,max,neg
cs,max,pos

(16)

In this study, the N/P ratio is assumed to be 1 but can be changed
based on the experimental results.

(13)

where DLi+ is the diffusion coefficient of lithium in the bulk electrolyte.

2.1.2.2. Test systems and output values from cell-level model. The output
values predicted using the cell model include the capacity, energy,
power, resistance, thickness, and mass, which are used as linking vari
ables for the pack/module level. The power density and specific power
of the cell used as local constraints are also obtained as output values.
The cell capacity and energy are measured based on the 1C discharge,
which is calculated based on the theoretical cell capacity. However, the
resistances of the cell model are measured from the required pack power
of the system. The reason is that the cell resistance depends on the
applied current. Given that the pack configurations are changed based
on the module and pack design (i.e., number of modules, cells, and series
and parallel in the pack), the current applied to individual cells also
changes. To compare the cell resistance and the module temperature
with the same power output from the EV, the applied current is defined
as

2.1.2. Specifications and simulation method in cell-level model

Iapp =

Microstructural effects in the composite electrodes are ignored, but
the influences of the porosity and volume fractions of the electrode are
considered using Bruggemans’ relation for spherical particles (Brugge
man, 1935). Accordingly, the electronic conductivity of the graphite
also changes with its volume fraction, giving:
brug
κeff
,
s = κs εs

(14)

where brug is the Bruggeman number.
The effective diffusion coefficient of Li+ in the electrolyte depends on
the volume fraction, expressed as
brug
+
Deff
,
Li+ = DLi εe

(15)

2.1.2.1. Local design variables for cell-level model. Table 3 shows the
5

Ppack
,
Ncell ⋅Nmod ⋅Vcell

(17)
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where Ncell is the number of cells in the module, Nmod is the number of
modules in the pack, Ppack is the required power of the pack, and Vcell is
the nominal voltage of the cell. Hybrid pulse power characterization
(HPPC) tests are applied to the cell to calculate the resistance. The HPPC
profile generally includes charge, rest, and discharge steps in a specific
order, and each step normally has a fixed time duration and a particular
(fixed) value of current or power (Li et al., 2020), as shown in Fig. 2. The
test protocol uses constant current at levels derived from the maximum
rated charge and discharge current. In this study, the 5C rate was used
for both charge and discharge steps, and the cell voltage was derived
from the current input. The cell resistance was calculated as
Rcell =

EOCV − Ecell
,
Iapp

Table 4
List of Li-ion cell material properties and fixed parameters.

(18)

where EOCV is the open-circuit voltage of the cell. The results are used to
estimate the heat generation and temperature of the module. The weight
and thickness of the cell are calculated, including those of the current
collector and pouch. Major electrochemical parameters are adopted
from previous studies (Doyle et al., 1996; Lee, 2019, 2021; Lee et al.,
2021; Shin et al., 2022) and are listed in Table 4.
2.1.2.3. Neural network models in the cell-level model. To reduce the
computational time and cost of the multi-scale optimization from the
cell level to the marketing level, we use a neural network model to build
a surrogate model for the cell level. Five local design variables are used
as input, namely anode volume fraction, cathode volume fraction, anode
thickness, cell length, and the number of electrode layers. The total
calculations are performed 1500 times using the Latin hypercube sam
pling method to generate the random sample of parameter values for
input variables. The results of 1500 samples are shown in Fig. 3. To
improve the prediction accuracy, four neural network models are
developed for each output parameter, capacity, energy, power, and
resistance. All four neural network models consist of one hidden layer
with ten neurons per layer. The trained neural network details are
shown in Table 5, and the R-values of trained neural networks are all
above 0.99. Since the number of calls to neural networks at the cell level
during the overall optimization process is 1771, which is smaller than
the number of simulations used to build neural networks, it can be said
that the computation time and cost are improved.
In order to apply different characteristics of the battery (e.g. cell
capacity, C-rate, energy and power density), different approaches
should be made based on the output values or input parameters. For
instance, the cell capacity of the battery is the output value from the cell

Material property parameters

Value

Separator thickness
Cathode current collector thickness
Anode current collector thickness
Pouch thickness
Formation ratio
Cathode max concentration
Anode max concentration
Cell width
Density of cathode current collector
Density of anode current collector
Density of separator
Density of cathode material
Density of anode material
Density of pouch
Density of electrolyte
Reaction rate constant of both electrodes
Charge Transfer coefficient for both electrodes
Diffusion coefficient of the positive electrode
Diffusion coefficient of the negative electrode
Electronic conductivity of the positive electrode
Electronic conductivity of the negative electrode
Lithium transference number
Electrolyte activity coefficient

25 um
15 um
10 um
0.15 mm
1.1
49000 mol/m3
31507 mol/m3
0.1 m
2700 kg/m3
8960 kg/m3
900 kg/m3
4280 kg/m3
2260 kg/m3
1000 kg/m3
1300 kg/m3
5.0 × 10− 10 m2/s
0.5
1.0 × 10− 13 m2/s
3.9 × 10− 14 m2/s
3.8 S/m
100 S/m
0.363
1

model. The local cell design variables are the anode and cathode volume
fractions, electrode thickness, cell length, and the number of layers in
the cell. Changes in these local cell design variables will change not only
the cell capacity but also other parameters as well. In order to investi
gate the sole impact of the capacity, the optimization of multi-scale
design without the cell model can be applied since the capacity of the
battery is the input parameter to the other level models. This is the same
for the energy and power density of the cell. On the other hand, C-rate is
the input parameter of the cell model. In order to apply the different Crate of the batteries using the current method, the neural network should
be rebuilt by including this parameter in the model. The total calculation
process time and the convergence of the cell model may change based on
the cell parameters, but the computational cost may also reduce by
applying a neural network model.
2.2. Battery pack/module level
2.2.1. Governing equations for thermal module-level model
This study develops a simplified battery module that consists of
identical electrochemical cells that are vertically stacked. To satisfy the
safety constraints, we simulate the maximum voltage, weight, temper
ature, and temperature deviation of the module. The temperature is
calculated by the energy equation defined as (Zhao et al., 2014)

ρC P

∂T
= k∇2 T + q̇ − hA(T − Text ) ,
∂t

(19)

where ρ is the cell density, CP is the battery heat capacity, k is the cell
thermal conductivity, h is the convection heat transfer at the outer
surface of the module, A is the battery surface area, and Text is the
ambient temperature outside the module. The thermal conductivities of
the cell are anisotropic due to the battery structure (Bazinski et al.,
2016). Given the anisotropic characteristics, the cells are vertically
stacked at the bottom of the heat sink, with the cooling fins in between
to reduce the maximum temperature and temperature deviation in the
cell as shown in Fig. 4. The heat generation of the cells is defined as
)2
)2
(
(
q̇ = ηIR ⋅Iapp,mod = Iapp,mod ⋅Rmod = Iapp ⋅Rcell ⋅Ncell ⋅nparallel ,
(20)
where ηIR is the ohmic overpotential, Rmod is the resistance, Iapp,mod is the
applied current, and nparallel is the number of parallel connections in the
module. The temperature of the heat sink at the bottom (y = 0) is
assumed to be constant. The other sides of the module (y = L, x = 0 and

Fig. 2. Hybrid pulse power characterization (HPPC) test profile.
6

Y.K. Lee et al.

Journal of Cleaner Production 368 (2022) 133235

Fig. 3. Results of 1500 samples obtained from the cell-level model.
Table 5
Neural network model information for the cell level.
Models
(predicted
output)

Mean of
weights

Mean of
bias

Rvalue

MSEa
Training

Validation

Cell capacity
(Ah)
Cell energy (Wh)
Cell max
power (W)
Cell resistance
(mΩ)

‒0.1494

0.4532

0.9967

0.0051

0.0168

0.0928
0.0366

‒0.2801
0.4359

0.9978
0.9985

0.0352
0.0323

0.0401
0.0736

‒0.0635

‒0.8239

0.9984

6.4761

9.9691

a

Mean squared error.

x = L) dissipate heat by convection.
Owing to the different cooling efficiency of the cooling surface, the
minimum cell temperature is immediately above the heat sink. The
maximum cell temperature is located in the upper middle of the cell,
opposite the heat sink. Deviations in temperature are calculated by the
maximum cell temperature subtracted from the minimum cell temper
ature. Uneven temperature distribution can lead to heterogeneous cur
rent distributions and temperature-sensitive degradation modes (Edge
et al., 2021). Particularly, without the cooling fin, the temperature de
viation becomes significant among the cells located in the middle and
the end. The thermal gradient generated in the battery module also
aggravates the degradation rate of cells (Liu et al., 2019) and potentially
leads to thermal runaways.

Fig. 4. Temperature distribution of the physics-based 2D module model; cells
are vertically stacked to the bottom of the heat sink, with the cooling fins in
between to reduce the maximum temperature and temperature deviation of
the cells.

specifications, including energy, voltage, power, and mass, are deter
mined using local design and linking variables.
Development of the thermal module model requires the output pa
rameters from the cell level and new local design variables for the
module and pack level. Output parameters from the cell level are the
length, capacity, energy, power, resistance, thickness, and mass. New
local design variables for the module and pack-level model are the
number of cells in the module, parallel and series arrangement of the
battery pack, and the number of modules in the x and y direction as well
as the thickness of the cooling fin.

2.2.2. Specifications and simulation method in module-level model
2.2.2.1. Local design and linking variables for pack/module-level model.
Table 6 shows the local design and linking variables for the battery
pack/module level. The battery capacity, power, energy, mass, voltage,
and thickness determined at the cell-level model are used as linking
variables at the pack/module level. At this level, the battery pack

2.2.2.2. Test systems and output values from pack/module-level model.
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conducted to build the neural networks. The maximum temperature and
the temperature deviation of the cells in the module should be restricted
to 60 ◦ C and 10 ◦ C, respectively, to satisfy safety constraints.

Table 6
Local design and linking variables for battery pack/module level.

Local design
variables

Linking variables

Lower
bound

Upper
bound

Number of cells in a module

2

60

Number of cells in parallel
Number of modules in xdirection
Number of modules in ydirection
Thickness of cooling fin

2
2

10
10

2

10

1.52e‒07
m
0.2 m
20 Ah
80 Wh
10 W
0.1 mΩ
0.005 m
0.1 kg

0.01 m

Cell length
Cell capacity
Cell energy
Cell max power
Cell resistance at SOC50
Cell thickness
Cell mass

2.3. Vehicle level
2.3.1. Governing equations for vehicle dynamics model
At the vehicle level, EV performance measures such as driving range,
MPGe, top speed, and 0–60 mph time can be determined by designing
the powertrain connected to the wheels through the battery pack, motor,
and final gear ratio. As EV performance directly affects its demand, it
must be derived through EV modeling based on vehicle dynamics. When
EV performance is obtained accurately, profit, which is the objective
function of the multi-scale EV design problem, can be estimated accu
rately. The dynamic vehicle equation can be expressed as (Lekshmi and
Lal Priya, 2019)

0.5 m
80 Ah
400 Wh
750 W
2.0 mΩ
0.015 m
1.5 kg

MVeh
Output parameters for the pack/module level are the energy, voltage,
power, and mass, which are used as linking variables for the vehicle
level. The module mass, pack length and width, and maximum tem
perature and temperature deviation between cells are also used as local
constraints or output values.
In this study, we consider a simplified and rectangular battery pack
model with identical modules. The battery pack consists of a crossbar in
both x and y directions, and the gap between modules is considered.
Maximizing the pack energy also requires maximizing the number of
modules without violating the pack size. The pack voltage and mass are
also limited to 400 V and 600 kg, respectively, which are similar to the
widely used values in current EV applications, such as the GM Bolt. For
the EVs, the required pack power and energy are 150 kW and 30 kWh,
respectively, but higher values are preferred. These four different output
variables are used in the EV performance simulations to calculate the
driving range, acceleration, fuel efficiency, and price. The maximum
module mass is limited to 40 kg, and the pack length and width are
limited to 1.8 m and 1.5 m, respectively. Table 7 shows the parameters
and material properties of the module and the pack that are used for the
calculations.

FRoll = MVeh gCr cos α ,

Density of cooling fin
Sideplate thickness
Heat sink thickness
Cell tab length
The gap between modules in pack
Total crossbar thickness in x-direction
Total crossbar thickness in y-direction
Misc Mass

2700 kg/m3
0.005 m
0.007 m
0.03 m
0.05 m
0.2 m
0.15 m
50 kg

(22)

where g is the gravity acceleration, Cr is the rolling resistance coefficient,
and α is the road angle. The aerodynamic drag force generated in a di
rection opposite to the vehicle motion due to air resistance is defined as
FAero = 0.5ρAir Cd Af (vVeh + vWind )2 ,

(23)

where ρAir is air density, Cd is the aerodynamic drag coefficient, Af in
dicates the vehicle frontal area, and vWind is the wind velocity. The
grading force caused by the vehicle weight on the slope is described as
FGrad = MVeh g sin α .

(24)

Then, the driving torque at the wheel shaft TShaft, angular velocity of
the wheel WShaft, and the required wheel power PShaft can be expressed as
TShaft = FT RWheel ,
WShaft =

VVeh
,
RWheel

PShaft = TShaft WShaft ,

(25)
(26)
(27)

where RWheel is the wheel radius.
Low-torque revolution with high speed from the motor is converted
into high-torque revolution with low speed through the final drive. The
final gear ratio, of input to output speeds of the final drive, is used to
connect the shaft and motor. The torque and angular velocity of the
motor are given as
TM =

TShaft
,
FR

WM = WShaft FR ,

Table 7
List of module and pack material properties and fixed parameters.
Value

(21)

where MVeh is mass, vVeh indicates the velocity, and FTrac, FRoll, FAero, and
FGrad are the tractive, rolling friction, aero dynamic drag, and grading
forces, respectively. The rolling friction force created by the resistance
occurring in the tires on a rough road surface is given by

2.2.2.3. Neural network models in pack/module-level model. A neural
network model is also used for the module level. Five local design var
iables and seven linking variables are used as the input variables, and
the total calculations are performed 2100 times. The Latin hypercube
sampling method is used to generate the random sample of parameter
values for input variables. The results of 2100 samples are shown in
Fig. 5. The neural network models for the maximum temperature and
temperature deviation between cells are established. Both neural
network models consist of one hidden layer with ten neurons per layer.
The trained neural network details are shown in Table 8. The correlation
coefficients for the neural network and thermal module level are all
above 0.99, showing high similarity. The number of calls to neural
networks at the pack/module level during the overall optimization
process is 2438, which is smaller than the number of simulations

Material property parameters

dvVeh
= FTrac − (FRoll + FAero + FGrad ) ,
dt

(28)
(29)

where FR is the final gear ratio, TM is the torque of motor, and WM is the
angular motor velocity.
2.3.2. Specifications and simulation method in vehicle-level model
2.3.2.1. Local design and linking variables for the vehicle-level model.
Table 9 summarizes the local design and linking variables for the vehicle
level. When used as a local design variable, the final gear ratio affects EV
performance. The energy, mass, voltage, and power of the battery pack
8
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Fig. 5. Results of 2100 samples obtained from the pack/module-level model.
Table 8
Neural network model information for the module level.

Table 10
Characteristics of driving cycles.

Models
(predicted output)

Mean of
weights

Mean
of bias

Rvalue

MSEa
Training

Validation

Maximum
temperature (K)
Temperature
deviation (K)

‒0.0259

0.8704

0.9974

142.7035

222.0478

0.0597

‒
0.2969

0.9982

40.1653

104.3568

a

LA92

HWFET

US06

City/low
speed

Highway/
under 60 mph

Aggressive
driving

Top speed

56.70
mph
19.58
mph
1.48 m/
s2
0.50 m/
s2
7.45 mi
22.8 min

City/
aggressive
driving
67.20 mph

59.90 mph

80.30 mph

25.92 mph

48.20 mph

47.97 mph

Avg. speed

Mean squared error.

Max.
acceleration
Avg.
acceleration

Table 9
Local design and linking variables for vehicle level.
Local design variables
Linking variables

UDDS
Characteristics

Final gear ratio
Battery pack energy
Battery pack mass
Battery pack voltage
Battery pack power

Lower bound

Upper bound

2
30 kWh
1 kg
200 V
50 kW

12
150
600
400
200

Distance
Time

2

3.76 m/s2

0.64 m/s2

0.19 m/s2

0.67 m/s2

6.99 mi
16.2 min

10.26 mi
12.8 min

8 mi
10 min

3.08 m/s

2

1.43 m/s

and 160 kW, respectively. Under the same EV design, the driving range,
MPGe, top speed, and 0–60 mph acceleration of the vehicle-level model
are obtained as 206 mi, 111, 106 mph, and 7.3 s, respectively. This
comparison verifies that the vehicle-level model is accurate to within a
margin of error of 10%.
To ensure the vehicle’s suitability for driving on a real road, we set
the following performance constraints: driving range greater than 80 mi;
MPGe greater than 80; top speed greater than 60 mph, and 0–60 mph
acceleration less than 13 s. Estimation of EV costs includes the following:
lithium-ion battery at $132/kWh (Edelstein, 2021), permanent magnet
synchronous motor at $16/kW with a base cost of $385 (Simpson,
2006), and the remaining costs are fixed at $6000.

kWh
kg
V
kW

determined at its level are used as linking variables at the vehicle level.
According to the driver command delivered to the control unit, the
motor torque control manages the three-phase inverter connected to the
battery to determine the electric power entering the permanent syn
chronous motor (Lee et al., 2019). Considering the motor’s efficiency, its
maximum power is assumed to be 80% that of the battery pack.
2.3.2.2. Test systems and output values from the vehicle-level model. The
outputs obtained from the vehicle level are driving range, MPGe, top
speed, 0–60 mph time, battery cost, and motor cost. The torque and
velocity required for the motor are derived, and the amount of electricity
consumed by the motor can be calculated according to a driving cycle.
Under this context, given the battery pack capacity, the driving range
can be obtained. Table 10 shows four driving cycles that are considered
to obtain the driving range. MPGe is calculated from the driving range
and capacity of the battery pack, assuming that 33.7 kWh of electricity is
equivalent to one gallon of gasoline (Edmunds, 2013). Top speed and
acceleration can be obtained by calculating the maximum torque ac
cording to the motor velocity. To validate the vehicle-level model an
actual EV model, the EV performance of 2021 Nissan Leaf is compared
(Edmunds, 2021): the driving range, MPGe, top speed, and 0–60 mph
acceleration are 226 mi, 108, 98 mph, and 7.4 s, respectively. The EV
performance is obtained when the final gear ratio is 8.2, and the energy,
mass, voltage, and power of the battery pack are 62 kWh, 275 kg, 350 V,

2.4. Marketing level
2.4.1. Utility model
Based on the estimation of customer preferences on EV price and
performance, customer demand is predicted at the marketing level. As
the company or designer determines the feasible values for design var
iables, product attributes are derived through simulation. Once
customer evaluations on product attributes are obtained, the customer
demand for the product can be calculated and hence connected with
design variables. In the utility model, after estimating the partworths
that indicate the importance of each product attribute as perceived by
customers, the product utility can be calculated. Choice probability, by
which a product is selected by customers, can then be predicted. Based
on this, the market share is calculated, and the customer demand can be
expressed as the product of the market share and the potential market
size.
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For an individual customer, individual-level utility vij, which is the
sum of the partworths of a given product design, is calculated as
Lk
K ∑
∑

vij =

(30)

βikl zjkl ,
k=1

variables at the marketing level. EV performance is used as product at
tributes to determine market share, while battery and motor costs are
included in the total cost to calculate margins.
2.4.3.2. Test systems and output values from the marketing-level model.
The output value obtained from the marketing level is profit. In this
study, partworths for 227 respondents reported in previous studies are
modified and used according to the current trend (Kang et al., 2015,
2016, 2018). Table 12 shows the product levels and their partworths.
Each attribute importance is obtained using the difference between the
maximum and minimum partworth values, and the former increases as
the latter increases. Thus, the attribute with high importance signifi
cantly affects customers’ product selection. Given that customers in the
market are heterogeneous, partworths vary and can be expressed as a
distribution. When EV price and performance are determined, customer
partworths are derived accordingly and then the utility can be calcu
lated. Although the partworths are discrete, continuous ones can be
obtained by interpolating intermediate partworths through a nature
cubic spline. To calculate market share, we assume three competitors:
the 2021 Nissan Leaf, 2021 Chevrolet Bolt, and 2021 T Model 3. Then,
customer demand is calculated using the 2021 EV market size in the
United States. Finally, profit is calculated as the product of customer
demand and margin, which is obtained by subtracting the total cost from
the EV price.

l=1

where βikl is the partworth of the lth level of the kth attribute for the ith
individual; K and Lk indicate the number and levels of attributes,
respectively, and zjkl represents a binary dummy number equal to one if
the level l of the kth attribute is selected for the jth alternative, and zero
otherwise. After calculating the utilities of competing products in the
market, the choice probability is defined using a mixed logit model as
Pij = ∑

evij

v ′
ij
′
j ∈J e

(31)

,

which is similar to the probability that the ith individual chooses option j
among a set of alternatives J. The mixed logit model is widely used
because it has high flexibility and can approximate various utility
models (McFadden and Train, 2000). Based on individual partworth
data, the market share for a given product design can then be calculated.
In a market with various customers, the market share distribution is
derived based on heterogeneous partworths.
2.4.2. Hierarchical Bayesian approach
This section explains the estimation of partworths in the utility
model. Individual-level partworths are derived by discrete choice
analysis based on the survey to estimate the customer evaluations of
product attributes. In this analysis, choice data containing product
preferences can be obtained through sets answered by potential cus
tomers (Chrzan and Orme, 2000). These choice-sets consist of several
multiple-choice questions, and designs combining various attribute
levels are shown to respondents (Train, 2009). Among the options, the
respondents can choose their preferred combination or “none” if no
design is satisfactory. When the choice data are available,
individual-level partworths are estimated using the HB approach
comprising two hierarchical levels. The lower-level concerns the indi
vidual respondent, whereas the upper level is pooled across the sample
population (Kruschke, 2013) and can explain individual-level part
worths with heterogeneous properties. In this approach, the Markov
chain Monte Carlo is used to estimate individual partworths βi that are
assumed to be derived from a multivariate normal distribution βi ~ N(θ,
Λ), where θ is a mean vector, and Λ is a covariance matrix. A multi
variate normal distribution is used as the posterior distribution tends to
follow a normal distribution under appropriate conditions (Van der
Vaart, 2000).

3. Multi-scale design optimization framework
3.1. Multi-scale framework
ATC decomposes the multi-scale design problem of EVs into the
marketing, vehicle, batter-pack/module, and battery cell level, and the
ATC framework flowchart for multi-scale EV design as shown in Fig. 6
comprises the following steps.
Step 1 At the marketing level, customer demand is determined through
a utility model based on EV price and performance, and profit
can be obtained based on customer demand and margin calcu
lated by subtracting total cost from price. The optimization
maximizes profit while minimizing the penalty function value.
The determined EV performance, battery cost, and motor cost are
given as targets for the vehicle level.
Step 2 At the vehicle level, given the final gear ratio and battery pack
specifications, EV performance is derived through the EV per
formance model, and battery and motor costs are determined
accordingly. The optimization minimizes the penalty function
value while satisfying the performance constraints. EV perfor
mance, battery cost, and motor cost obtained from the EV per
formance model are transferred to the marketing level as
responses, and the determined battery pack specifications are
given as targets for the battery pack/module level.
Step 3 At the battery pack/module level, the battery pack specifications
are determined by designing the battery pack and module. The
optimization minimizes the penalty function value while satis
fying the battery pack/module constraints. Battery pack speci
fications obtained from the battery module model are transferred
to the vehicle level as responses, and the determined cell length,
capacity, energy, power, resistance, thickness, and mass are
given as targets to the battery cell level.
Step 4 At the battery cell level, the capacity, energy, power, resistance,
thickness, and mass of the cell are determined by designing the
battery cell based on the electrochemical cell model. The opti
mization minimizes the penalty function value while satisfying
the battery cell constraints. The cell length, capacity, energy,
power, resistance, thickness, and mass obtained from the

2.4.3. Specifications and simulation method in marketing-level model
2.4.3.1. Local design and linking variables for the marketing-level model.
Table 11 summarizes the local design and linking variables for the
marketing level. As a local design variable, the EV price is used when
calculating the margin and as a product attribute that customers
consider during purchase decision-making. EV performance, battery
cost, and motor cost determined at the vehicle level are used as linking
Table 11
Local design and linking variables for marketing level.
Local design variable
Linking variables

EV price
Driving range
MPGe
Top speed
0–60 mph
Battery cost
Motor cost

Lower bound

Upper bound

$10,000
80 mi
80
60 mph
5s
$1
$1

$45,000
520 mi
130
140 mph
13 s
$30,000
$30,000
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Table 12
Attribute levels and their partworths.
Attribute
EV price
MPGe
Top speed
0–60 mph
Range

Partworth
Level
Mean
(Std)
Level
Mean
(Std)
Level
Mean
(Std)
Level
Mean
(Std)
Level
Mean
(Std)

$15,000
2.1051
(1.6047)
70
‒2.3899
(1.5727)
60 mph
‒0.2279
(0.2937)
5s
0.0168
(0.0353)
120 mi
‒2.1888
(0.7992)

Importance
$25,000
0.9790
(0.7665)
90
‒0.2521
(0.5807)
90 mph
0.0037
(0.0804)
8s
0.0139
(0.0336)
200 mi
‒0.5865
(0.5543)

$35,000
‒0.6699
(0.6372)
110
0.9131
(0.7015)
120 mph
0.0924
(0.1250)
11 s
‒0.0092
(0.0326)
280 mi
0.7627
(0.3184)

$45,000
‒2.4142
(1.5142)
130
2.2572
(1.5258)
150 mph
0.1318
(0.1535)
14 s
‒0.0215
(0.0406)
360 mi
1.3728
(0.5059)

34.4%
35.4%
2.7%
0.3%
27.2%

Fig. 6. Flowchart of ATC framework for the multi-scale design of EVs.

electrochemical cell model are transferred to the battery pack/
module level as responses.
Step 5 Convergence check: If the convergence criteria are not satisfied,
the process returns to Step 1 and updates the Lagrange multi
pliers and quadratic penalty weights. If the convergence criteria
are satisfied, the procedure is terminated.

min
x0

subject  to
where

3.2. Marketing-level formulation
At the marketing level, optimization is carried out to maximize profit
while minimizing the discrepancies between targets ‒ EV performance,
battery cost, and motor cost ‒ and the corresponding responses received
at the vehicle level. EV performance, battery cost, and motor cost
derived from the EV performance model at the vehicle level are
employed as linking variables as they are used to calculate profit at the
marketing level. The marketing level problem P0 is formulated as

−

μ(Ψ)
Ψ0

+ π(c0 )

lb ≤ x0 ≤ ub
Ψ = D × (Price − CBatt − CMotor − COther )
]
[
x0 = Price, PU , CU
]
[
PU = PUMPGe , PUSpeed , PUAcc , PURange
]
[ U
U
CU = CBatt
, CMotor
[ U
]
P − PL CU − CL
c0 =
,
U
U
P
C

(32)

(component  by  component  division) ,
where the objective is to maximize the mean of profits Ψ normalized by
factor Ψ0 while minimizing the penalty function value; π is a penalty
function; x0 and c0 are the optimization variable and inconsistency
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vectors at the marketing-level problem P0, respectively; Price is the local
design variable indicating the selling price of EV; P and C are the EV
performance vector and cost vector, respectively; PMPGe, PSpeed, PAcc,
PRange, CBatt, and CMotor are the linking variables indicating MPGe, top
speed, 0–60 mph acceleration, driving range, battery cost, and motor

min
x2

subject  to

where

3.3. Vehicle level formulation
At the vehicle level, EV performance, battery cost, and motor cost are
obtained by determining the final gear ratio and battery pack specifi
cations. Optimization aims to minimize the discrepancies between the
targets and responses of EV performance, battery cost, and motor cost
connecting the marketing and vehicle levels. Meanwhile, the discrep
ancies between the battery pack specification targets and the corre
sponding responses from the battery pack/module level are minimized.
Battery pack specifications obtained from the battery module model at
the battery pack/module level are employed as linking variables as they
are used to derive EV performance at the vehicle level. The vehicle level
problem P1 is formulated as
x1

subject  to

(34)

where M is the local design variable vector; L is the linking variable
vector; NCell, NParallel, NModx, NMody, and FT are the number of cells in the
module, parallel in pack, modules in the x-direction, modules in the ydirection, and thickness of the cooling fin, respectively; LL, LC, LE, LP, LR,
LT, and LM are the cell length, capacity, energy, max power, resistance at
SOC50, thickness, and mass, respectively; gPack/Module indicates the
battery pack/module constraints; and, fPack/Module is the battery pack/
module model.
3.5. Battery cell level formulation

π(c1 )

At the battery cell level, the capacity, energy, power, resistance,
thickness, and mass are determined by the design. Optimization focuses
on minimizing the discrepancies between the targets of linking variables
at the battery pack/module level cascaded down and the corresponding
responses at the battery cell level. The battery cell level problem P3 is
formulated as

lb ≤ x1 ≤ ub
PL = fPerformance (x1 )
]
[
x1 = FR, KU
]
[
KU = KEU , KMU , KVU , KPU
[ U
]
P − PL CU − CL KU − KL
c1 =
,
,
U
U
U
P
K
C

KL = fPack/Module (x2 )
]
[
x2 = M, LU
[
]
M = NCell , NParallel , NModx , NMody , FT
]
[
LU = LLU , LUC , LUE , LUP , LRU , LUT , LUM
[ U
]
K − K L LU − LL
c2 =
,
KU
LU
(component  by  component  division) ,

gPerformance (x1 ) ≤ 0
where

lb ≤ x2 ≤ ub
gPack/Module (x2 ) ≤ 0

cost, respectively; superscripts (⋅)U and (⋅)L are the upper and lowerlevel variables, respectively; μ( ⋅) is the mean value; lb and ub are the
lower bounds and upper bounds, respectively; and, D and COther are the
customer demands and other costs, respectively. The normalization
factor is set at $500 M, considering the scale of profits.

min

π(c2 )

(33)

min
x3

subject  to

π(c3 )
lb ≤ x3 ≤ ub
gCell (x3 ) ≤ 0

(component  by  component  division) ,
where

where FR is the local deign variable; K is the linking variable vector; KE,
KM, KV, and KP are the battery pack energy, mass, voltage, and power,
respectively; gPerformance is the performance constraints; and, fPerformance is
the EV performance model. Battery and motor costs are calculated ac
cording to the battery pack energy and power, respectively.

LL = fCell (x3 )
]
[
x3 = ANVol , CTVol , ANT , LL , NLayer
[ U
]
L − LL
c3 =
LU

(35)

(component  by  component  division) ,

3.4. Battery pack/module level formulation

where ANVol, CTVol, ANT, and NLayer are the local design variables indi
cating anode volume fraction, cathode volume fraction, anode thick
ness, and the number of layers in a cell, respectively; gCell indicates the
battery cell constraints; and, fCell is the battery cell model.

At the battery pack/module level, specifications are determined by
the design and linking variables, including the cell length, capacity,
energy, power, resistance, thickness, and mass. Optimization focuses on
minimizing the discrepancies between the targets and responses of
battery pack specifications connecting the vehicle and battery pack/
module levels. Meanwhile, the discrepancies between the targets of the
linking variables at the battery pack/module level and the correspond
ing responses received are minimized. The capacity, power, energy,
mass, voltage, and thickness of the cell obtained from the electro
chemical cell model at the battery cell level are employed as linking
variables, as they are used to derive battery pack specifications at the
battery pack/module level. The battery pack/module-level problem P2
is formulated as

3.6. Convergence check
The convergence check is performed after sequentially solving from
the marketing-level problem to the battery cell level problem. The
alternating direction algorithm reported by Tosserams et al. (2006) is
used to update Lagrange multipliers and quadratic penalty weights. The
Lagrange multipliers are updated as
v(k+1) = v(k) + 2w(k) ∘w(k) ∘c(k)

(36)

where the quadratic penalty weights are updated as
w(k+1) = βw(k) , β ≥ 1 .

12

(37)

Y.K. Lee et al.

Journal of Cleaner Production 368 (2022) 133235

4. Optimization results and discussion

Table 13
Optimal outcomes.

4.1. Optimization results

Optimal value
Profit

$1.23 B
($0.91 B)a
32.3%
(23.9%)

Market share
a

This section presents the optimization results of the multi-scale
design of EVs obtained using ATC. In this study, sequential quadratic
programming (SQP) was used to perform optimization at each level. SQP
is one of the general algorithms that can solve nonlinear constrained
optimization problems successfully (Boggs and Tolle, 2000). Since ATC
solves several subproblems with a smaller scale than the AIO approach,
SQP can be successfully applied to optimize ATC problems. SQP is
applied to each level problem, and optimization is performed iteratively.
The ATC reached the optimal solution after 23 iterations using β = 1.25,
ε1 = 0.01, and ε2 = 0.001. Each level problem required an average of 2 s
and 50 function evaluations using a standard desktop computer (Intel
Xeon 8168 CPU @ 2.70 GHz with 192.0 GB of RAM). Table 13 presents
the optimal outcomes. Comparing the computational cost of ATC and
AIO based on the number of calls to the neural network model, ATC
reduced the computational cost by 3% compared to AIO. Large varia
tions in profit and market share verified the customer heterogeneity.
Given the different customer perceptions of price and performance even
for the same EV, products must be designed to satisfy various customers
to secure market share. If the company aims for a market share that is
higher than the optimal, the profit is expected to decrease. The reason is
that a lower price or higher EV performance is required to satisfy diverse
customers, and therefore, the total cost increases, and the margin
decreases.
Table 14 shows the optimal values for the local design variables and
target-response pairs for the linking variables. To ensure the global
optimum, optimization was performed with 100 different initial designs,
and 85 initial designs converged to the optimum design shown in
Table 14. The optimal local design variables and linking variables
derived from AIO were similar to those of ATC. None of the local design
variables reached the lower or upper bounds. In addition to local design

Standard deviations are enclosed in parentheses.

In the ATC framework for the multi-scale design of EVs, the vector of
inconsistencies c used to update Lagrange multipliers and quadratic
penalty weights are given as
[ U
]
P − PL CU − CL KU − KL LU − LL
c=
,
,
,
PU
KU
LU
CU
(38)
(component  by  component  division) .
The alternating direction algorithm terminates when both conditions
related to the inconsistencies are satisfied. The first condition requires
that the Euclidean norm of inconsistencies is smaller than a userspecified small positive value ε1 as
⃦ k⃦
⃦c ⃦ < ε 1 .
(39)
2
The second condition requires that the average obtained from two
consecutive changes in inconsistencies is less than a user-specified small
positive value ε2 as
k
⃦ n
⃦
1 ∑
⃦c − cn− 1 ⃦ < ε2 .
2
2 n=k− 1

(40)

Table 14
Target-response pairs for the linking variables.

Marketing level

Vehicle level

Battery pack/module level

Battery cell level

a

EV price
Driving range
MPGe
Top speed
0 to 60 mph
Battery cost
Motor cost
Final gear ratio
Battery pack energy
Battery pack mass
Battery pack voltage
Battery pack power
Number of cells in a module
Number of cells in parallel
Number of modules in x-direction
Number of modules in y-direction
Thickness of cooling fin
Cell length
Cell capacity
Cell energy
Cell max power
Cell resistance at SOC50
Cell thickness
Cell mass
Anode volume fraction
Cathode volume fraction
Anode thickness
Cell length
Number of layers in a cell

Local design variable

Linking variable

Optimal value

Target

Response

Optimal value

$31,616
–
–
–
–
–
–
6.96
–
–
–
–
27
3
3
4
9.09e‒06 m
–
–
–
–
–
–
–
0.55
0.55
9.26e‒05 m
0.42 m
44

–
253.7 mi
108.1
110 mph
8.7 s
$10,449
$2305
–
79.2 kWh
409.5 kg
399.5 Va
150.4 kW
–
–
–
–
–
0.42 m
67.3 Ah
244.3 Wh
465 W
1.1 mΩ
0.01 m
0.9 kg
–
–
–
–
–

–
253.7 mi
108.0
110 mph
8.7 s
$10,448
$2310
–
79.2 kWh
409.5 kg
399.6 V
150.7 kW
–
–
–
–
–
0.42 m
67.3 Ah
244.3 Wh
465 W
1.1 mΩ
0.01 m
0.9 kg
–
–
–
–
–

$31,613
253.7 mi
108.0
111 mph
8.7 s
$10,448
$2313
6.87
79.2 kWh
409.5 kg
399.6 V
150.7 kW
27
3
3
4
9.09e‒06 m
0.42 m
67.3 Ah
244.3 Wh
465 W
1.1 mΩ
0.01 m
0.9 kg
0.55
0.55
9.26e‒05 m
0.42 m
44

Values hit the lower or upper bounds are in italics.
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variables, linking variables were determined through optimization at
each problem level for the multi-scale EV design. Well-matched target
and response pairs indicated that a converged solution was reached and
that the ATC framework for the multi-scale design of EVs was success
fully solved. Even when a variable affects multiple different sub
problems simultaneously, the target of that variable can also reach
agreement with the corresponding response as the target and response
pairs between all subproblems are matched. This is possible because, in
the ATC process, optimization occurs so that higher-level system targets
match as closely as possible with lower-level system responses.
Michelena et al. (2003) reported that, using appropriate coordination
strategies, the ATC formulation converges to the undecomposed prob
lem solution. Among the vehicle-level linking variables, the battery pack
voltage reached the upper bound because the overall EV performance
improved as the battery pack voltage increased. To investigate the
sensitivity of profit to EV performance, optimal EV performance varia
tions were given. When EV performance increased by 1%, the mean
profit increased by 3.8%, indicating that accurate EV performance
should be provided.
At the marketing level, if the price increases, then the margin in
creases while the market share decreases, and thus the optimal price is
determined by considering the tradeoff between the margin and the
market share. Given the high importance of EV price as shown in
Table 12, the market share significantly decreased when the price
increased. In maximizing profit, EV performance was determined by
considering market share. In addition, responses from the vehicle level
were considered in the optimization due to the nature of the ATC
framework. Therefore, marketing and engineering models can be
incorporated through ATC. Accounting for 55.7% of vehicle cost, the
battery thus had a large impact on margin. Given their considerable
influence, the battery pack specifications were determined to satisfy EV
performance, and the battery cost was derived according to the battery
pack energy. Motor power also affected EV performance and was
determined by the battery power. Thus, the motor cost is related to the
battery pack specifications. Given that MPGe and driving range showed
high importance, the final gear ratio was determined in the direction of
increasing the driving range under the same battery pack energy. The
target-response pairs for the linking variables also showed that all per
formance constraints were satisfied.
The battery pack/module design and linking variables were deter
mined to satisfy the battery pack specifications at the vehicle level. The
number of battery cells in the series was 108, yielding a battery pack
voltage of 399.6 V. None of the linking variables at the battery pack/
module level reached upper or lower bounds. Table 15 shows the output
values for the local constraints. Pack length and width reached the upper
bound, verifying that the battery pack/module design was optimized for
vehicle size. At the battery cell level, the length was long, and the
number of layers was large, resulting in low resistance. Therefore, the
local constraints for maximum temperature and temperature deviation
could be satisfied.
Through the ATC framework for the multi-scale design of EVs,
marketing and engineering problems can be independently solved at
different levels. Compared with previous studies that designed EVs
based on the determination of simple battery pack specifications, this

study enabled a more advanced design from the battery cell level. The
results showed that each level problem successfully communicated with
the others and performed optimization to maximize profit while satis
fying various constraints. To investigate the interactions between design
variables, the interaction plots of the local design variables at the battery
cell level, which is the lowest level, are shown in Fig. 7.
As mentioned above, a market share that is higher than optimal may
reduce profits. However, designing a product to obtain a higher market
share can help improve long-term profits by increasing the satisfaction
of various customers. A parametric study was used to investigate how
profit changes under a constraint that forces the satisfaction of a specific
market share. The market share constraint was imposed on the
marketing-level problem. To obtain a Pareto front of profit, we applied
the market share constraint at 5% intervals from 35% to 55%. Fig. 8
shows the profit results according to market share constraints. As ex
pected, the profit was highest at the optimal market share, and then
decreased as the market share increased. The decrease in profit also
increased as the market share increased. A negative profit was derived to
satisfy the market share of 55%, indicating the difficulty of satisfying
heterogeneous customers.
4.2. Parametric studies
Further parametric studies were conducted by changing the con
straints or operating conditions at each level, and the interactions be
tween the levels of multi-scale optimization problems were observed.
Table 16 shows the output values of the parametric study for each level.
1. Battery cell level: optimization is performed by reducing the upper
bound of the cell capacity constraint from 100 Ah to 40 Ah by
reducing the anode volume fraction and number of layers in a cell to
0.49 and 23, respectively. Then, the number of cells in a module
increases to 45 to maintain the battery pack energy, voltage, and
power. To prevent the battery pack voltage from exceeding the upper
bound, the number of cells in parallel increases to five. Therefore, EV
performance can be maintained, and the derived market share and
profit are similar to those in the previous optimization results. This
parametric study verifies that a multi-scale EV design with improved
profit can be obtained through optimization at different levels in the
ATC framework even when the cell-level parameters change.
2. Battery pack/module level: optimization is performed by reducing
the upper bound of the temperature deviation constraint from 10 K to
5 K by increasing the cooling fin thickness to 1.97e‒03 m. Given the
limited pack size constraints with a thicker cooling fin, the anode
volume fraction, cathode volume fraction, and the number of layers
in a cell decrease to 0.44, 0.47, and 33, respectively. As the battery
pack energy decreases to 56 kWh and the mass increases to 447.1 kg,
the driving range and MPGe decrease to 211.1 mi and 106.4,
respectively. Utility decreases due to the worsening driving range
and MPGe and is increased by reducing the price to $28,900.
Consequently, the market share and profit are reduced to 26.7% and
$0.92 B, respectively. This parametric study confirms the in
teractions between different levels to obtain a conservative design
with respect to the temperature in the battery pack.
3. Vehicle level: optimization is performed by considering two
aggressive cycles—LA92 and US06—among the four driving cycles
shown in Table 10. As the driving cycles become more aggressive,
the driving range and MPGe decrease to 219.6 mi and 92.1,
respectively. These factors are improved by increasing the final gear
ratio to 7.95. Although the increased final gear ratio reduces the top
speed to 109 mph, the increasing utility of the driving range and
MPGe are greater, thus increasing the market share. The utility
considerably decreases as the driving range and MPGe decrease and
thus the price is reduced to $28,869 to increase the utility. Conse
quently, the market share and profit are reduced to 20.2% and $0.59
B, respectively. This result confirms that changes in driving cycles,

Table 15
Output values for local constraints.
Output value
Battery pack/module level

Battery cell level
a

Max temperature
Temperature deviation
Module mass
Pack length
Pack width
Power density
Specific power

44.1 K
8.3 K
30.0 kg
1.80 ma
1.50 m
572.8 Wh/L
271.5 Wh/kg

Values reaching the lower or upper bounds are in italics.
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Fig. 7. Interaction plots of the local design variables at the battery cell level.

which can be considered operating conditions at the vehicle level,
mainly affect the vehicle and marketing levels.
4. Marketing level I: optimization is performed by reducing the battery
cost by 20% (from $132/kWh to $105.6/kWh). This parametric
study is consistent with the current trend of lowering battery costs
(Mauler et al., 2021). Given this reduction, the battery pack and cell
energies are increased to 80.1 kWh and 247.2 Wh, respectively.
Accordingly, the driving range slightly increases to 256.3 mi,
increasing the utility. Meanwhile, as the battery cost decreases, the
margin remains largely even if the price is reduced. Therefore, the

price decreases to $31,052 to increase the utility. Consequently, the
market share increased to 34.2%, and profit increased to $1.44 B.
Profit increases significantly due to increased market share and
margin. Through this parametric study, the multi-scale EV design
that may be required in the future can be predicted using the ATC
framework.
5. Marketing level II: optimization is performed by reducing the
importance of the driving range from 27.2% to 17.2%. To achieve
this reduction, the driving range partworths are modified to be
insensitive to attribute levels, indicating that their influence on
15
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dynamics models to describe the accurate and detailed performance.
Neural network models were developed for the module and cell models
to reduce the computational cost of multi-level optimization. The utility
model was also used at the marketing level to maximize profit while
considering customer decisions. An ATC method was applied at every
level to optimize the profit and performance of the EV. The developed
optimization framework for the multi-scale design of EVs was success
fully solved. Well-matched target and response pairs of the parameters
demonstrated the successful output of each level of parameters. ATC
solved multi-scale subproblems iteratively, reducing computational cost
by 3% compared to AIO. The optimal outcomes of the means of profit
and market share were $1.23B and 32.3%, respectively. The results
showed that each level problem successfully communicated with the
others and performed optimization to maximize profit while satisfying
various constraints.
Further parametric studies at each level were performed by changing
the constraints or operating conditions. When the upper bound of the
cell capacity constraint decreased from 100 Ah to 40 Ah, the number of
cells in parallel increased to five. When the battery cost decreased by
20%, the battery pack energy increased by 1.1% and the price decreased
by 1.8%, resulting in a 17.1% increase in profit. Results also showed
successful interactions within and between different parameter levels.
Compared with previous studies that designed EVs based on the deter
mination of simple battery pack specifications, this study proposed an
advanced and detailed design from the battery cell level to the vehicle
level. These solutions and their interactions provided insight into how
the design parameters, constraints, and operating conditions affect each
another. The developed optimization framework can guide the design
and optimization of battery and vehicle performance with high effi
ciency and accuracy.
The limitation of this study and related future work is presented
below.

Fig. 8. Profit results according to market share constraint.

customer product selection decreases. As the importance decreases,
the driving range decreases to 240.8 mi. The driving range can also
be reduced by decreasing the battery pack and cell energies to 74.4
kWh and 229.7 Wh, respectively. The cell energy is reduced by
decreasing the anode thickness to 7.66e‒05 at the battery cell level.
At the battery pack/module level, pack length and width decrease to
1.75 m and 1.49 m, respectively, and no longer reach the upper
bound due to the reduced energy. Given that a higher market share
can be obtained even with a lower battery cost, the market share
increases and the margin decreases, resulting in a profit increase. The
market share and profit increased to 33.1% and $1.28 B,
respectively.
5. Conclusion
This study developed a multi-scale design optimization framework
for EVs from the cell level to the marketing level. The fundamental
physics-based models were developed from the vehicle level to the cell
level, including the electrochemical cell, thermal module, and EV

1. Although the local design and linking variables can represent the
overall performance of each level, many undefined variables affect
the overall profit and the performance of EVs. In future work, the
addition of undefined parameters will be considered in our

Table 16
Output values of the parametric studies.
Battery cell level
Marketing level

Vehicle level

Battery pack/module level

Battery cell level

EV price
$31,693
Driving range
253.1 mi
MPGe
107.9
Top speed
111 mph
0 to 60 mph
8.7 s
Battery cost
$10,437
Motor cost
$2333
Final gear ratio
6.85
Battery pack energy
79.1 kWh
Battery pack mass
411 kg
Battery pack voltage
399.6 V
Battery pack power
152.2 kW
Number of cells in a module
45
Number of cells in parallel
5
Number of modules in x-direction
3
Number of modules in y-direction
4
Thickness of cooling fin
2.98e‒05 m
Cell length
0.42 m
Cell capacity
39.1 Ah
Cell energy
146.4 Wh
Cell max power
281.9 W
Cell resistance at SOC50
1.8 mΩ
Cell thickness
0.006 m
Cell mass
0.54 kg
Anode volume fraction
0.49
Cathode volume fraction
0.57
Anode thickness
1.18e‒04 m
Cell length
0.42 m
Number of layers in a cell
23

Battery pack/module level

Vehicle level

Marketing level I

Marketing level II

$28,900
211.1 mi
106.4
111 mph
8.7 s
$8828
$2374
6.96
66.9 kWh
447.1 kg
399.6 V
155.4 kW
27
3
3
4
1.97e‒03 m
0.42 m
56 Ah
206.4 Wh
479.7 W
1.3 mΩ
0.008 m
0.8 kg
0.44
0.47
1.26e‒04 m
0.42 m
33

$28,869
219.6 mi
92.1
109 mph
8.3 s
$10,606
$2319
7.95
80.3 kWh
415.4 kg
399.6 V
151.1 kW
27
3
3
4
3.88e‒05 m
0.42 m
65.3 Ah
248 Wh
466.4 W
1.1 mΩ
0.01 m
0.91 kg
0.5
0.6
9.96e‒05 m
0.42 m
45

$31,052
256.3 mi
107.8
112 mph
8.6 s
$8459
$2363
6.84
80.1 kWh
409.2 kg
399.6 V
154.5 kW
27
3
3
4
6.87e‒06 m
0.42 m
66.6 Ah
247.2 Wh
476.9 W
1.1 mΩ
0.01 m
0.9 kg
0.53
0.59
1.16e‒04 m
0.42 m
38

$31,142
240.8 mi
109
110 mph
8.7 s
$9822
$2273
6.95
74.4 kWh
387.2 kg
399.6 V
147.5 kW
27
3
3
4
5.85e‒06 m
0.4 m
64.5 Ah
229.7 Wh
455.1 W
1.1 mΩ
0.01 m
0.84 kg
0.57
0.59
7.66e‒05 m
0.4 m
49
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developed multi-scale design framework, which facilitates providing
significance and insight to improve the overall EV profit and
performance.
2. The uncertainties of the variables are not applied in the current work.
To incorporate a stochastic model considering uncertainties, the
problem at each level can be formulated considering the distribution
of targets and responses caused by uncertainties at each level. Then,
probabilistic measures can be used to secure the reliability of the
system. By applying RBDO, target and response pairs that satisfy
given reliability can be achieved, and a reliable optimal design can
be derived.
3. Although our model successfully optimizes the EV performance and
maximizes the profit, there are too many initial input variables and
parameters for the design that need to be appropriately selected. A
method that provides an appropriate initial design for each level
problem will be developed to improve the efficiency of the optimi
zation of the ATC framework for multi-scale design.
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Glossary
as
A
Af
ANVol
ANT
c
ce
cs
Cd
Cp
Cr
cs,max
cs,surf
C
CBatt
CMotor
COther
CTVol
D
Ds
eff

Surface area of the electrode, m− 1
Cell surface, m2
Vehicle frontal area, m2
Anode volume fraction
Anode thickness, m
Inconsistences vector
Concentration of electrolyte, molm− 3
Concentration of solid phase, molm− 3
Aerodynamic drag coefficient
Heat capacity of the cell, Jkg− 1K− 1
Rolling resistance coefficient
Maximum concentration of lithium ion in the active material, mol m− 3
Concentration of lithium ions on the surface of active particles, mol m− 3
Cost vector
Battery cost, $
Motor cost, $
Other costs, $
Cathode volume fraction
Customer demands
Diffusion coefficient of lithium ions in the solid phase, m2s− 1

DLi+
Effective diffusivity of Li+ in the electrolyte, m2s− 1
EOCV
Open-circuit voltage of the cell, V
F
Faraday’s constant, Cmol− 1
FAero
Aero dynamic drag force, N
FGrad
Grading Force, N
Tractive Force, N
FTrac
FRoll
Rolling friction Force, N
FT
Thickness of cooling fin, m
FR
Final gear ratio
f±
Electrolyte activity coefficient
fPerformance EV performance model
fPack/Module Battery pack/module model
fCell
Battery cell model
g
Acceleration of gravity, ms− 2
gPerformance Performance constraints
gPack/Module Battery pack/module constraints
gCell
Battery cell constraints
h
Convection heat transfer coefficient at the outer surface, Wm− 2K−
Iapp
Applied current, Am− 2
17
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Iapp,mod
iLi+
i0,Li+
k
kLi+
eff

κe

eff
κs

KE
KM
KV
KP
Lneg
Lpos
Lsep
LL
LC
LE
LP
LR
LT
LM
Mveh
nparallel
nseries
Ncell
Nmod
NCell
NParallel
NModx
NMody
NLayer
Price
PMPGe
PSpeed
PAcc
PRange
Ppack
Pshaft
R
Rcell
Rmod
RWheel
T
Text
TM
Tshaft
0
t+
ULi+
v
vwind
Vcell
WM
Wshaft
x

α
αa,Li
αc,Li
β

εe
εs
ρ
ρAir
ηLi+
ηIR
φs
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Applied current in module, Am− 2
Current density of lithium intercalation and deintercalation, Am− 2
Exchange current of lithium intercalation and deintercalation reactions, Am−
Thermal conductivity of the cells, Wm− 1K− 1
Reaction rate constant in the electrode, Am− 2
Effective electrolyte phase conductivity, Sm−

1

− 1

Effective solid phase conductivity, Sm
Battery pack energy, Wh
Battery pack mass, kg
Battery pack voltage, V
Battery pack power, W
Length of negative electrode, m
Length of positive electrode, m
Length of separator, m
Cell length, m
Cell capacity, Ah
Cell energy, Wh
Cell max power, W
Cell resistance at SOC50, Ω
Cell thickness, m
Cell mass, kg
Mass of the vehicle, kg
Number of parallel connections in the module
Number of series connections in the module
Number of cells in the module
Number of modules in the pack
Number of cells in the module
Number of parallel in pack
Number of modules in x-direction
Number of modules in y-direction
Number of layers in a cell
EV price, $
MPGe
Top speed, mph
0–60 mph acceleration, s
Driving range, mi
Required power of the pack, W
Required wheel power, W
Universal gas constant, Jmol− 1K− 1
Cell resistance, Ω
Module resistance, Ω
Radius of wheel, m
Temperature, K
Ambient Temperature, K
Torque of motor, Nm
Driving torque at the wheel shaft, Nm
Lithium ion transference number
Equilibrium potential of lithium intercalation/deintercalation reactions, V
Individual-level utility
Wind velocity, ms-1
Nominal voltage of the cell, V
Angular velocity of motor, rads− 1
Angular velocity of the wheel, rads− 1
Optimization variable vector
Road angle, rad
Anodic transfer coefficient of lithium intercalation/deintercalation reaction
Cathodic transfer coefficient of lithium intercalation/deintercalation reaction
Individual-level partworth
Volume fraction of the electrolyte
Volume fraction of the solid phase
Cell density, kgm− 3
Air density, kgm− 3
Overpotential for lithium intercalation and deintercalation reactions, V
Ohmic overpotential, V
Potential of solid phase, V
18
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φe
Ψ

π
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Potential of electrolyte phase, V
Profits, $
Penalty function
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